The objective of this study is to develop, test and validate a fully automatic, deep learning-based segmentation method for the wrist joint cartilage in magnetic resonance images. The study was conducted in 8 healthy volunteers and 3 patients with wrist joint diseases. 3D MRI datasets (20 in total) were acquired at 1.5T using a VIBE sequence. Wrist cartilage was segmented on coronal slices by a clinician and the convolutional neural network (CNN) was trained, developed and tested using the corresponding segmented masks. For an inter and intra observer study wrist cartilage was segmented by three observers once and twice by one observer on a dataset of 20 central coronal slices. Performance of the CNN was compared quantitatively to the manual segmentations using the concordance and the Sørensen-Dice similarity coefficients (DSC). Cartilage segmentations obtained with the CNN showed a substantial agreement with the manual segmentations for the whole wrist joint (DSC = 0.73) and a good agreement (DSC = 0.81) for the central coronal slices. The inter-and intra-observer concordance indices for manual segmentations were 0.55 and 0.85, respectively. The concordance index of the CNN-based segmentation was 0.69 when compared to the manual segmentations. The fully automatic deep-learning based segmentation of the wrist cartilage showed a high concordance with the manual measurements. It could be applied to determine an automatic, quantitative metric in clinical wrist cartilage studies.
INTRODUCTION
Magnetic resonance imaging (MRI) of joints has been recognized as a promising valuable tool for the diagnosis of osteoarthritis (OA) and rheumatoid arthritis (RA) 1, 2 . One of the possible quantitative biomarkers for these diseases is the cartilage volume. While conventional X-Ray method estimates cartilage degradation indirectly through the joint space narrowing (JSN) 3 MR images display a superior soft tissue contrast that could be used for a straightforward assessment of the cartilage volume 4, 5 . This illustrates that MRI is a promising alternative diagnostic tool for the detection of early cartilage changes in degenerative diseases of joints 4 . Measurements of the JSN from MR images have been proposed to be added to the RAMRIS (Rheumatoid Arthritis Magnetic Resonance Imaging scoring) system in order to include the cartilage loss assessment in the diagnosis of RA 6 . However, this cartilage loss scoring methodology demands manual measurements of the cartilage thickness on a carefully preselected slice between all articulation surfaces of a joint. For a knee joint, it implies four manual measurements whereas for a wrist joint it results in fifteen measurements, due to the complex structure of the wrist joint as compared to the knee. In addition, this assessment only provides a rough estimation of the cartilage changes at fixed points and therefore lacks sensitivity for the detection of the early subtle degradations. In OA diagnostics, recent studies show that longitudinal change in cartilage thickness measured with MRI is a more reliable quantitative metric for cartilage assessment than JSN measured from conventional X-ray 7 . Several alternative criteria such as a cartilage cross-sectional area and cartilage volume have been proposed for the evaluation of cartilage loss in joints 8, 9, 10 . Measurement of the corresponding parameters requires a careful selection and segmentation of cartilage voxels on MR images, which is challenged by the presence of other tissues such as synovial fluid or edema areas that often display a similar MR contrast. Several types of cartilage segmentation methods have been proposed in the literature. Segmentation has been performed manually with or without a dedicated radiological software 9, 11, 12, 13 and combined with a thresholding procedure 8, 14 . A wide range of computer-assisted approaches has been proposed: semi-automated procedures based on radial intensity profiles 15 or bespoke approach 16 ; and fully automatic segmentation procedures 17, 18, 19, 20 . The manual methods are commonly considered as the most reliable although they are recognized as highly time consuming. More recent semi-automatic and fully automatic technologies have been able to segment cartilage significantly faster with only a moderate penalty regarding accuracy. Considering the manual segmentation as the ground-truth, semi-automatic and fully automatic methods have been characterized by Sørensen-Dice similarity coefficient (DSC) up to 0.88 15, 16 and 0.80 17 , respectively. More recently, promising results have been obtained using a convolutional neural network (CNN) developed for the fully automatic segmentation of knee MR images 21, 22, 23, 24 .The corresponding DSC values were around 0.82 for the tibial 21 and around 0.80 for the cartilage of different knee joint surfaces 24 .
While most of the above mentioned methods have been dedicated to knee MR images, very few methods 8, 10 have been developed for wrist MR images most likely due to the wrist joint anatomy complexity. Considering this complexity, manual segmentation of wrist cartilage is recognized as a highly time-consuming and tedious method, and to the best of our knowledge, no automatic or semi-automatic procedures have been developed so far. Considering the outstanding performance of CNN for the segmentation of the knee structures, we hypothesized that a dedicated CNN could perform as well for the fully automatic segmentation of wrist cartilage. In the present study, a CNN was developed for the fully automatic segmentation of the wrist joint cartilage and compared to the manual segmentations performed by experienced radiologists.
PATIENTS AND METHODS
Eight healthy volunteers with no previous wrist trauma (six males and two females, age range 23-38, mean 29.6) and three patients were included in the study after a written informed consent was obtained. Among the three patients, two suffered OA (female, 63 and 77 years old) and one was complaining about articular pain without the confirmed diagnosis (female, 62 years old). The study was approved by the local ethics committee. All data were acquired in a time period from 01/12/2017 to 01/05/2018.
MR-imaging
MR images were acquired at 1.5T (Magnetom Espree Siemens) and subjects were asked to lie still in the so-called "superman" position (prone position with an outstretched arm, that is standard for wrist imaging). The wrist was imaged with a conventional birdcage type transmit/receive coil (CP Extremity Coil, Siemens Healthcare GmbH) and/or a home-made wireless coil that allowed to achieve higher signal-to noise ratio 25 . A total of 20 imaging sessions were held for all the 11 subjects. 3D coronal T1-weighted gradient echo (VIBE -Volumetric Interpolated Breath-hold Examination) images were acquired with fat suppression as previously described (Zink et al., 2015) in order to achieve an optimal contrast-to-noise ratio for the cartilage. The relevant parameters were: TR/TE = 18.6/7.3 ms, FoV = 97x120 mm2, matrix -260x320, voxel size = 0.37x0.37x0.5 mm3, number of coronal slices = 88, flip angle = 10˚, total acquisition time = 6 min.
Data preparation
Each 3D dataset was subsequently converted into multiple 2D coronal images (1760 slices in total) ( fig. 1(a) ). Wrist cartilage was manually segmented 8 on 341 slices, among which 189 were used for the training phase of the CNN, 20 for the development phase, 112 for the test phase and 20 for the validation phase. Validation included a comparative analysis between the results of the developed neural network and those from a manual segmentation procedure performed by three observers. Datasets for the training, development and test stages contained only the data from the healthy volunteers. Images used for the test phase (images of cases #1 -#10) were not used for the training and development dataset (images of cases #10 -#15), i.e., the CNN was tested on the images of previously unseen subjects. The validation phase was performed for the slices of interest (medial slices) chosen from 3D wrist images for all 20 cases (both healthy volunteers and patients) on the basis of criteria similar to what has been previously described 8 . These slices were excluded from training, development and test datasets (i.e. slices unseen by CNN). 
Manual segmentation procedure
For the slices included in the training, development and test datasets, cartilage areas were manually segmented by an expert radiologist (O1 -V.F.). The wrist joint was initially roughly manually delineated for each slice ( fig. 1(b) ) and a thresholding procedure was performed using MATLAB (The MathWorks, Natick, Massachusetts). The resulting images ( fig. 1(c) ) were manually corrected and the corresponding binary masks were used for the training, development and test phases.
CNN architecture
Given that the wrist joint anatomy is significantly more complicated than the knee joint, we did not use an existing network but developed a genuine CNN architecture tailored for the wrist joint. During the development of the corresponding CNN architecture, multiple network parameters were investigated such as the number of layers, the input patch size, the number of features of the convolutional layers. As illustrated in figure 1d , the final CNN architecture had five layers and a two-class output. The network input was a 28x28 pixels patch surrounding the pixel to be classified. Training and testing sessions were performed using a computer with random access memory -DDR3 512Gb, central processing unit -Intel Xeon E5-4617 2.90 GHz (4 processors), and operating system -Windows Server 2012 R2 Standart 64-bit. The Python dynamic objectoriented programming language, version 3.6.4, TensorFlow and Keras open-source neural network library were used for building the CNN. Cartilage masks manually segmented on each coronal slice of the training dataset resulted in a total of 260*10 3 cartilage pixels out of 13.8*10 6 pixels. As previously described 22 , for each pixel of interest, a 28x28 patch with this pixel at the center was used as a network input. The development dataset included 1.5*10 6 pixels in total and 24*10 3 pixels of cartilage. For each image, the network output was a probability map calculated on a pixel basis that was then thresholded to obtain cartilage binary masks. The threshold value was optimized within the development dataset. The resulting CNN was evaluated on the test dataset (8.2*10 6 pixels) and the obtained binary cartilage masks were compared to the manually segmented masks (182*10 3 pixels of cartilage) using DSC as a quantitative metric 26 : = 2|X∩Y|/(|X|∪|Y| ), where X is a manually segmented binary mask and Y -segmented by CNN. For the test dataset, DSC values were averaged over the total number of slices. Then they were compared with those from the previously developed CNNs for cartilage segmentation of the knee joint 21, 24 .
Data analysis

Reproducibility of the manual segmentation procedure
Manual segmentation of the wrist cartilage was performed on the validation dataset once by 2 experts (O2 -A.E., O3 -R.F) and twice (1 week between the segmentation sessions) by 1 (O1 -V.F.). All the 3 observers had 10 years experience in musculoskeletal segmentation. The manual segmentations performed by the observer O1 at the first session was considered as the ground truth (GT). Validation dataset included 1.5*10 6 pixels in total and 37*10 3 pixels of cartilage. The corresponding cartilage volume ( ), where i refers to the observer number (from 1 to 3), j to the session number (from 1 to 2) and m to the case number (from 1 to 20) was calculated as a product of the number of pixels within the resulted binary mask and the pixel volume (0.37x0.37x0.5 mm 3 ). For each observer, the averaged cartilage volumes were calculated. In order to determine the variability of the manual segmentation procedure, the concordance index (CI) was calculated. Case specific interobserver CIm was measured subsequently between individual volumes, , segmented by all observers in the first sessions: . 1
Then the case specific interobserver CI was averaged over the total number of cases (M=20):
and its standard deviation was determined.
The intra-observer variability of the manual method (for segmentations repeated twice by O1) was also evaluated using the CI:
and was averaged over all cases in a same way as .
Comparison of CNN-assisted and manual wrist cartilage segmentations
The assessment of CNN performance was evaluated from a comparative analysis with the manual segmentation, i.e., binary cartilage masks were calculated from the network output and compared to the manually segmented masks. For each case, the volume of the segmented cartilage m_NN and the GT volume, m_ , were compared using CI (equals in this case to the Jaccard index 27 ), and the resulted values were averaged over all cases:
and the standard deviation was determined.
RESULTS
Manual segmentation procedure
The averaged cartilage volume determined by each observer was 127.6±24.1 mm 3 , 125.7±20.8 mm 3 and 130.5±19.1 mm 3 for O1, O2 and O3 respectively. Statistics for the manually performed segmentation procedure are summarized in Table 1 . The consistency of manual segmentation procedure was evaluated using the interobserver CI, which reached 0.55±0.07 for the whole subject group; 0.55±0.07 for the healthy volunteers and 0.55±0.05 for the patients. An average time needed for an observer to segment manually all 20 slices was about one hour. 
CNN segmentation
After the training session, the designed network was able to segment successfully cartilage pixels on VIBE MRI scans as illustrated in figure 2a. Red color corresponds to true positives, i.e. pixels correctly segmented as cartilage; green -to false negatives, i.e. pixels incorrectly assigned to a background; and blue -to false positives, i.e. pixels incorrectly assigned to cartilage. The mean DSC obtained for the test phase was 0.73±0.11. Statistics for the CNN-based cartilage segmentation procedure for the validation phase are presented in Table 1 . The averaged CI relative to GT was 0.68±0.07. The corresponding values for healthy volunteers and for patients were 0.69±0.05 and 0.65±0.10, respectively. For the validation dataset, the averaged DSC was 0.81±0.11 and the averaged cartilage volume was 134.8± 20.9 mm3. The duration of a typical segmentation procedure for 20 images was 5 minutes.
DISCUSSION
The aim of the present study was to design and assess the performance of a genuine CNN for the wrist cartilage segmentation. While manual segmentations performed twice by the same observer showed a relatively high concordance, the between operators concordance was lower and ranged between 0.47 and 0.65 likely as a result of the wrist joint anatomy complexity combined with the fact that thresholds chosen by observers could have been different. Considering these values of CI, different observers agreed only for 65% of the segmented pixels. For the CNN-assisted segmentation of the test set, a substantial agreement 28 was observed considering the manual segmentation as the ground truth. The corresponding DSC value (0.73) was slightly lower than for the previously reported CNN-assisted knee cartilage segmentation (0.80-0.82) 21, 24 . However, this value can be considered as highly satisfactory given the significantly more complex anatomy of the wrist joint. Interestingly, the DSC value obtained for the validation set, i.e. 20 medial coronal slices, was larger (0.81). This could be explained by the fact that medial slices displayed a high contrast-to-noise ratio and a large amount of cartilage pixels whereas lateral (e.g., fig. 2(b) ) slices included in the test set had a lower contrast-to-noise ratio. Overall, the developed CNN might be considered as optimal and ready to be used for the automatic calculation of cartilage cross-sectional area as previously suggested 8 . The CI (0.68) of the CNN was lower as compared to the manual intra-observer result (0.85) whereas it was larger than the inter-observer result (0.55). One has to keep in mind that the same observer (O1) segmented the wrist cartilage for the training dataset and the intra-observer study. The lower CI value indicates that CNN did not fully reproduce the manual segmentation approach of observer 1. The detailed analysis of the cartilage masks provided by the CNN showed that a thin layer of subcutaneous fat was occasionally considered as a cartilage area by the CNN (circled areas on fig. 2(b,c,f) . However, when considering the inter-observer CI value, the CNN-based segmentation was better. In other words, the designed CNN provided reproducible results whereas the manual segmentation performed by different observers was largely heterogeneous indicating a low reproducibility. Given the fact that the training dataset did only include healthy joints, we expected a lower CI for patients data during the validation stage. On the contrary, the results obtained for both manual and CNN assisted segmentation did show similar CIs for healthy volunteers and patients. Images of all patients, both with confirmed and not confirmed OA, contained pathological changes. The patient without the confirmed OA diagnosis had intraosseous ganglion cyst in the radial aspect of the triquetral and cortex erosions ( fig. 2(d) ). The first and the second patients with confirmed OA had intraosseous ganglion cysts in capitate ( fig. 2(e) ) and bone marrow edema in lunate ( fig. 2(f) ) bones, respectively. Although these structures could be misclassified as cartilage considering the signal intensity, these lesions were not classified as cartilage by the CNN. Interestingly, a vessel in a capitate bone of the second patient, having a structure and contrast extremely similar to the cartilage, was not segmented by CNN as well. These important results demonstrate the capability of the developed CNN to distinguish cartilage from both other anatomical structures and possible joint abnormalities. We acknowledge several limitations in the present study. We used a training dataset from a small number of subjects and with a single manual segmentation. In order to improve the segmentation performance of the developed CNN further, more subjects and/or data augmentation methods could be used. In addition, multiple manual segmentations could be added to the training dataset instead of a single one. As a future step, we plan to include more pathological images in the training The yellow arrows point to the high signal intensity lesions. The green arrow (f) points to the vessel. Red color corresponds to true positives, i.e. pixels correctly segmented as cartilage; green -false negatives, i.e. pixels incorrectly assigned to the background; blue -false positives, i.e. pixels incorrectly assigned to cartilage. dataset and to segment not only cartilage but other structures such as muscles, bones, ligaments, fat, synovial membrane and liquid as previously described24. A 3D approach could also be considered. The early diagnosis of a cartilage degeneration is essential for a proper choice of treatment modality and leads to a better prognosis of the treatment outcome. Quality of life of patients with OA is usually not very high due to factors such as physical limitations and pain 29, 30 . Despite the fact that fewer and fewer people in the modern world are involved in manual labor, the majority of people work with computers, and disability of wrists may have a crucial impact on their working ability. Therefore, wrist joint health preservation remains an important point of the clinical research and new detection methods of early manifestations of OA are needed.
This study was aimed to demonstrate the feasibility of a CNN-based automatic segmentation of wrist cartilage from MR images and was performed in a limited subject data. It can be qualified as Stage 1 from the IDEAL model 31 .
CONCLUSIONS
We have developed a fully automatic method of wrist cartilage segmentation based on a convolutional neural network. The proposed procedure is much faster than the manual one. Moreover, it achieves higher concordance with the ground truth than the several observers. The segmented masks may be used for cartilage volume or cartilage cross-sectional area calculation with the purpose of a quick and comprehensive wrist cartilage quantitative assessment.
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